[1] The long time scale of soil moisture dynamics makes it a potentially important predictor in seasonal to interannual precipitation predictions. However, where and to what extent soil moisture can influence precipitation is still a topic of debate. A feedback parameter was applied by several studies to quantify both the magnitude and direction of soil moisture's impacts on precipitation based on both observational data and model output. Its effectiveness as an indicator of soil moisture impact on precipitation was questioned in recent studies. Using the NCAR CAM3-CLM3 as a modeling framework, this study examines whether the feedback parameter can correctly identify regions of strong soil moisture impact on precipitation as compared with other more physically based numerical experimental designs. It is found that the effectiveness of feedback parameter as an indicator for soil moisture impact on precipitation is significantly reduced by the presence of low-frequency precipitation variability. Such low-frequency variability (which may be caused by large scale oceanic forcing) propagates to the land surface, causing similar variability in soil moisture, and the presence of the low-frequency signal in both variables leads to spuriously large feedback parameter values. Our results suggest that the feedback parameter is not a reliable indicator for the impact of soil moisture on precipitation.
Introduction
[2] Soil moisture-precipitation feedback and its potential role in seasonal and sub-seasonal prediction have been the focus of numerous recent studies on land-atmosphere interactions [e.g., Dirmeyer, 2001; Koster et al., 2003; Seneviratne et al., 2006b; Kim and Wang, 2007] . However, it remains a challenge to quantify how strong this feedback might be and to even determine whether this feedback is positive or negative [e.g., Pal and Eltahir, 2001; Cook et al., 2006; Wei et al., 2008] . As pointed out in previous studies, the strength of landatmosphere coupling differs from region to region [e.g., Koster et al., 2000; Dirmeyer, 2001] . The importance of soil moisture as a potential predictor for seasonal and sub-seasonal prediction is therefore region-dependent, and soil moisture observations in regions of strong soil moisture-precipitation coupling may be more valuable for operational forecast.
Identifying such regions is therefore an important first step to strategize and prioritize in situ monitoring of soil moisture. However, at this current stage, observational studies on soil moisture-precipitation interaction are limited by soil moisture data availability at regional and larger scales. Instead, Atmospheric General Circulation Models (AGCMs) have been frequently used. To this end, an important community endeavor toward a better understanding of soil moistureprecipitation interactions is the Global Land-Atmosphere Coupling Experiment (GLACE) [e.g., Koster et al., 2006a; Guo et al., 2006; Seneviratne et al., 2006a; Wang et al., 2007] .
[3] GLACE aimed at identifying "hot spots" of landatmosphere coupling with a focus on soil moisture-precipitation coupling, and was based on uniquely designed ensemble experiments using a large number of GCMs. For each GCM, the GLACE experiment includes two ensembles, one in which soil moisture interacts with precipitation and the other specifying a prescribed soil moisture. The strength of soil moisture-precipitation coupling is quantified as the inter-ensemble difference in intraensemble precipitation similarity [Koster et al., 2002 [Koster et al., , 2006a or in intraensemble precipitation variance . The GLACE study identified several regions of strong land-atmosphere coupling that are mainly located in the transition zones between humid and dry climates, and it is also pointed out that different year's SST forcing might slightly shift the 'hot spots' of land-atmosphere coupling [e.g., Koster et al., 2004; Seneviratne et al., 2006a] . Several follow-up studies further 1 explored the relevant physical processes influencing the coupling strength, primarily soil moisture-evapotranspiration (ET) interaction and ET-precipitation interaction [Lawrence and Slingo, 2005; Guo et al., 2006; Zhang et al., 2011] . In general, high sensitivity of ET to soil moisture variation and high sensitivity of precipitation to ET variation together can lead to strong soil moisture-precipitation coupling in numerical models. Other aspects related to model parameterizations and numerical experimental design have also been suggested as potential factors that could influence the coupling strength index, including soil moisture memory, low-frequency signal of precipitation time series, model spatial resolutions, etc. [Seneviratne et al., 2006a [Seneviratne et al., , 2006b Wei et al., 2010] .
[4] While the GLACE approach provides a unique way to quantify the strength of land-atmosphere coupling in climate models, an intrinsic limitation is that the results cannot be verified by observational data directly due to its experimental design. Statistical analysis provides an alternative way of estimating soil moisture-precipitation coupling strength that can be applied to both model output and observational data. Using vegetation feedback as an example, Liu et al. [2006] introduced a feedback parameter method to quantify landatmosphere coupling. Based on the simplified physical assumption that precipitation variation is the sum of vegetation impacts and atmospheric internal variability, Liu et al.
[2006] quantified vegetation's feedback on precipitation as the lagged correlation between precipitation and vegetation normalized by the autocorrelation of vegetation, which represents the strength and direction of instantaneous feedback of vegetation on precipitation. and applied the same method to output from a numerical model, and verified the results of the feedback parameter analysis using numerical experiments on the response of precipitation to vegetation changes. The feedback parameter method is further applied globally to explore soil moisture's impact on precipitation using observational data [Zhang et al., 2008; Orlowsky and Seneviratne, 2010] and numerical model output [Notaro, 2008; Orlowsky and Seneviratne, 2010] .
[5] One important finding from past studies on the feedback parameter method is that both observational data and model output yield high values of feedback parameter in tropical regions in June-July-August (JJA) and/or DecemberJanuary-February (DJF) [e.g., Zhang et al., 2008; Notaro, 2008] . However, GLACE studies demonstrated that in these regions, soil moisture's impact is fairly weak and insignificant [e.g., Koster et al., 2006a; Wang et al., 2007] . Instead, precipitation variation in tropical areas is closely linked to oceanic forcing [e.g., Goddard and Graham, 1999; Koster et al., 2000; Krishnamurthy and Goswami, 2000; Giannini et al., 2003; Juneng and Tangang, 2005] . Zhang et al. [2008] cautioned that the high feedback parameter values found in tropical regions might be caused by precipitation persistence initiated by oceanic forcing. Orlowsky and Seneviratne [2010] showed that in JJA, both observational data and model output indicate that SSTs have medium to high impacts on precipitation in tropical regions where the soil moisture-precipitation feedback parameter is relatively high. Therefore the high feedback parameter values in tropical regions may be merely a reflection of the coexistence of high/low precipitation and consequent wet/dry soil. However, further research is needed to confirm or depute this, and this should be done using a modeling framework that would allow the delineation of soil moisture-precipitation relationship using different methods. Further analysis is also needed to distinguish the situation in which soil moisture does impact precipitation from the situation in which soil moisture is mainly controlled by precipitation.
[6] The primary objective of this study is to further understand the physical processes underlying a high value of feedback parameter and to identify the causes for such high feedback values in regions where soil moisture-precipitation coupling is otherwise considered weak. This is accomplished using a numerical climate model. First, feedback parameter is estimated based on model output from a fully coupled GCM simulation to quantify the soil moistureprecipitation relationship, and auxiliary analysis of the relevant physical processes in the model is conducted to examine the mechanisms of land-atmosphere interactions focusing on regions with high feedback parameter values (which are mainly in the tropics). Numerical experiments are then carried out to further examine the reliability of feedback parameter method and to provide verifications for the auxiliary statistical analysis. Finally oceanic impacts on precipitation and on feedback parameter are evaluated. Here the model is used as a physical framework in which the feedback parameter can be estimated and the physical processes can be manipulated to generate alternative diagnostics of soil moisture-precipitation relationship for comparison with the feedback parameter method. As such, the same model physics underlies the results from different approaches to quantifying the soil moisture-precipitation relationship in the model. Findings from this study therefore do not depend on the model's capability in producing present-day climate or in reproducing the observed "hotspots" of soil moistureprecipitation coupling.
[7] The rest of the paper is organized as follows. Section 2 presents the methodology and experimental design. Section 3 describes the results from both the feedback parameter analysis and soil moisture sensitivity experiments. The impact of global oceanic forcing on precipitation and on the magnitude of the feedback parameter is delineated in section 4. Section 5 presents the conclusions and discussion.
Methodology and Experimental Design
[8] The model framework used is the National Center for Atmospheric Research (NCAR) Community Atmosphere Model version 3 (CAM3) coupled with the Community Land Model version 3 (CLM3) including the Dynamic Global Vegetation Model (DGVM) (CAM3-CLM3-DGVM). CAM3 simulates the atmospheric processes and provides atmospheric forcing (e.g., precipitation, radiation, specific humidity, wind) to the land model CLM3-DGVM; driven with atmospheric forcing from CAM3, CLM3-DGVM simulates the land surface biogeophysical, physiological, biogeochemical processes and ecosystem dynamics, providing surface fluxes (sensible heat flux, latent heat flux (or ET), and momentum flux) to CAM3 and updating the vegetation structure and distribution. For CAM3, the Eulerian spectral dynamical core is chosen with a T42 horizontal resolution and a total of 26 levels in the vertical direction. Details of the CAM3 model can be found in Collins et al. [2004] . CAM3-CLM3 has been used extensively in soil moisture-precipitation interaction studies [e.g., Koster et al., 2006a; Kim and Wang, 2007; Wang et al., 2007; Notaro, 2008] , and the fully coupled CAM3-CLM3-DGVM model has also been used to investigate the interaction between vegetation and precipitation Sun and Wang, 2011; Wang et al., 2011] .
Feedback Parameter Analysis
[9] Feedback parameter is derived based on the physically simplified assumption that precipitation depends on soil moisture and atmospheric internal variability. Specifically, precipitation Pat time t + dt is composed of two parts: the contribution from soil moisture S(t) and atmospheric internal variability, which is expressed as P(t + dt) = l*S(t) + N(t + dt), where l indicates the sensitivity of precipitation to soil moisture changes. The N term is white noise, and dt is the atmospheric response time taken as one week.
[10] After taking the covariance with soil moisture at time t À t on both sides, the third term can equal to zero, as previous soil moisture is assumed to have no impacts on future atmospheric internal variability. The parameter l can then be quantified as
[11] If t (e.g., one month) is much longer than the atmospheric response time (one week), the term dt can be neglected. Here both soil moisture and precipitation time series are normalized to unit variance beforehand, and l is the lagged correlation ratio instead of covariance ratio . Soil moisture's feedback parameter can be approximately expressed as
where l measures the instantaneous feedback of soil moisture S on precipitation p at time t. Theoretically, l is not dependent on t. Practically, however, the error of l increases with t due to the fact that the autocorrelation of soil moisture (the denominator) will decrease as t increases. In this study t is taken as one month. More details about the feedback parameter method can be found in Liu et al. [2006] . [12] In the current study, the coupled land-atmosphere model CAM3-CLM3 is used in three types of experiments driven with the present-day solar irradiance. Monthly varying SST forcing contains observed inter-annual variation in one type of the experiments and follows the observed climatology in the other two types [Hurrell et al., 2008] . In all these experiments, to reduce a known dry bias in the model soil moisture [e.g., Bonan and Levis, 2006; Oleson et al., 2008] , subsurface drainage in CLM3 is turned off, which leads to an increase of soil water content globally during all four seasons (results not shown).
Experimental Design
[13] The first type of experiments includes one simulation named DGVM_SST_Varying, which runs for 308 years using the fully coupled models CAM3-CLM3 with dynamic vegetation model DGVM. The first 200 years of the simulation, with oceanic forcing cycling through the 1901-2000 observed SST, allows the global vegetation distribution to reach a quasi-equilibrium state. The last 108 years of the simulation, driven with the observed global SST during the period 1901-2008, models the soil moisture-precipitation interactions under the most realistic oceanic forcing. Monthly precipitation and top 7-layer soil moisture from these 108 years are used to estimate the soil moistureprecipitation feedback parameter (l in equation (1)). Here the soil depth for the top seven layers reaches about 80 cm. Soil moisture in the bottom three layers varies little from season to season, not closely coupled with the aboveground processes.
[14] The second type of experiments includes three 20-year long simulations: Soilmr_10P, Soilmr_50P and Soilmr_90P, designed to assess precipitation sensitivity to different levels of soil moisture (prescribed from dry to wet in the study regions). All these simulations are driven with monthly varying climatological SST forcing, and share the same static vegetation distribution (which is derived from the quasiequilibrium state at the end of the 200-year CAM3-CLM3-DGVM simulation). To simulate the precipitation responses to changes of soil moisture in regions of interest, soil water in the study areas is prescribed to be at the dry, normal and wet states, respectively. In other areas soil moisture is prescribed to be at the normal state in order to exclude the potential non-local effects introduced by soil water anomalies. Specifically, in the several regions of interest, soil moisture in Soilmr_10P, Soilmr_50P and Soilmr_90P is prescribed to be at the 10th, 50th and 90th percentiles of the model soil moisture, respectively. In other areas, soil moisture is prescribed to be at the 50th percentile of the model soil moisture. Since soil moisture is a slowly varying state variable and does not change much in one day, soil moisture in all ten layers is prescribed only at the beginning of each day (instead of at every time step) .
[15] A two-step procedure is used to derive the corresponding percentile values for each of the 365 days' soil moisture in these three experiments. In the first step, monthly soil moisture value of the 10th /50th /90th percentile is archived. To get the monthly soil moisture values of the 10th /50th /90th percentile, for each land grid cell in each specific month, 108 years' top 7-layer monthly soil moisture sum from the DGVM_SST_Varying experiment is ranked from low to high, and their 10th percentile, 50th percentile and 90th percentile values are taken as representations of the dry, normal and wet soil conditions for that grid cell in that specific month. In the second step, to derive the daily 10th /50th /90th percentile values of soil moisture, the DGVM_SST_Varying experiment is restarted to run a whole year with DGVM turned off, and a whole year's soil moisture of all levels is outputted at both the daily and the monthly time steps. Since monthly soil moisture is the average of daily soil moisture, the differences between the monthly soil moisture of the rerun year and monthly soil moisture of 10th /50th /90th percentile derived from the DGVM_SST_Varying experiment are added to the daily soil moisture of the same month to construct an annual cycle of daily soil moisture of 10th /50th /90th percentile. In the Soilmr_10P, Soilmr_50P and Soilmr_90P experiments, soil moisture of all ten layers at each grid cell is prescribed to be at the 10th percentile, 50th percentile and 90th percentile at the beginning of each day and the same soil moisture annual cycle is repeated ten times for ten years. In the regions of interest, annual precipitation does not show detectable trends and the SUN AND WANG: SOIL MOISTURE-PRECIPITATION FEEDBACK D11113 D11113 simulated climate is in an equilibrium state after running for five years. Output from the last 15 years is used to quantify soil moisture's impacts on precipitation.
[16] In the third set of experiments, a 108-year long NDGVM_SST_Clim simulation is carried out, driven with climatological SST forcing and static vegetation, and vegetation is prescribed according to the quasi-equilibrium vegetation derived from the first 200 years of the DGVM_SST_Varying simulation. Here the NDGVM_SST_Clim experiment is used to simulate soil moisture-precipitation interactions free of the low-frequency impacts from SST inter-annual variations and vegetation dynamics.
Feedback Parameter Hot Spots:
The Complexity
Results From Statistical Analysis
[17] Based on output from the 108-year DGVM_SST_Vary-ing experiment, feedback parameters are calculated for JJA (June-July-August), SON (September-October-November), DJF (December-January-February) and MAM (March-AprilMay) seasons respectively (Figure 1 ). Regions where precipitation is less than 10 mm per month are masked out. In the tropics, hot spots of feedback parameter in this model include the Amazon Basin in South America, Congo basin in Africa, Indian Peninsula and Southeast Asia. The Southeast Asia region is further divided into two areas, one including Sumatra and Borneo islands and the other New Guinea Island. In the extratropics, "hot spots" of the feedback parameter are the U.S. Great Plains, central Europe, Patagonia and part of Australia. Most of these regions have been identified as regions of strong soil moisture-precipitation coupling [e.g., Koster et al., 2004; Wang et al., 2007] . Our experiments on the impact of global soil moisture anomalies also indicate that precipitation in these regions show a high degree of sensitivity to soil moisture changes. Here we choose one of these regions, the much studied semi-arid U.S. Great Plains [e.g., Kim and Wang, 2007; Wang, 2011, 2012] , as an example to contrast with the five humid regions in the tropics.
[18] Results from the GLACE experiments of Wang et al. [2007] are used to verify the hot spots of soil moistureprecipitation interaction identified by feedback parameter in CAM3-CLM3 models. Different from the current statistical analysis, Wang et al.'s [2007] work pinpointed regions of strong land-atmosphere coupling through well-controlled (Figure 2) . Results from the GLACE type experiments indicate that soil moisture has relatively weak impacts on precipitation in Amazon during both JJA and DJF seasons in this model. In Dirmeyer et al. [2009] , over a few grid boxes in Indian Peninsula, ET is moisture-limited and soil moisture could positively impact precipitation in SON and MAM seasons, but the identified soil moisture feedback is not significant there [Dirmeyer et al., 2009, Figure 6] .
[19] For the six selected regions of high feedback parameter values, the seasonal variations of feedback parameter as well as its numerator and denominator are demonstrated in Figure 3 . Also included in Figure 3 is precipitation persistence, which is measured by the one-month lagged autocorrelation of precipitation. For example, for the precipitation autocorrelation during the JJA season, the normalized precipitation anomalies for each of the three months (MJJ (MayJune-July) and JJA respectively) from sequential model years are linked together to construct a new time series. The newly derived two precipitation time series (each of the length 3 Â N months, with N being the number of model years) are used to calculate the one month lagged autocorrelation of precipitation. Note that the numerator is the correlation between soil moisture of previous month and precipitation of current month, reflecting impact of previous month's soil moisture on current month's precipitation, and the denominator is the lagged auto-correlation of soil moisture, reflecting soil moisture persistence. To compute the feedback parameter for each region, the spatial averages of normalized anomalies of monthly soil moisture and precipitation are used. Similar to the method in estimating precipitation persistence, for each season, soil moisture and precipitation data in each of the three months are pooled together to form two new monthly time series, which are then used to calculate the feedback parameter For all six regions, the variation and magnitude of the feedback parameter are mainly determined by its numerator. Numerator and precipitation persistence share the same variations, and are mostly positive except during the SON season in the U.S. Great Plains, where the numerator is negative in contrast to the positive precipitation persistence. Additionally, the positive numerator and precipitation persistence are almost of the same magnitude. Therefore it is hard to tell whether a positive feedback parameter and its numerator result from previous month's soil moisture influence on current month's precipitation or from the self-persistence of precipitation [Findell and Eltahir, 1997; Salvucci et al., 2002; Wei et al., 2008] . The high level of similarity between the numerator and precipitation persistence in both the seasonal variation and the magnitude casts doubt on the reliability of feedback parameter in representing soil moisture's impacts on precipitation. Feedback parameter's denominator is the lagged autocorrelation of soil moisture, which reflects soil moisture persistence. The magnitude of soil moisture persistence is much larger than that of precipitation persistence, which is consistent with previous studies showing that generally soil moisture memory is longer than that of atmospheric variables [e. g., Wu et al., 2002; Dirmeyer et al., 2009; Seneviratne et al., 2010] . In the U.S. Great Plains, the Amazon region, the Congo basin and the Indian Peninsula, soil moisture persistence is independent of precipitation persistence to a certain degree, indicating that soil moisture could exert impacts in the interactive land-atmosphere system. In Sumatra and Borneo islands as well as New Guinea Island, soil moisture persistence and precipitation persistence share the same seasonal phase, indicating that precipitation is the main driver of soil moisture variations here. In all six regions, the relatively small magnitude of season-to-season variation of the soil moisture persistence has negligible influence on feedback parameter variation, if any.
[20] To further explore the physical mechanisms leading to the high and positive feedback parameter in the six study regions, Figure 4 shows the seasonal variations of precipitation, top 7-layer soil water, ET, moisture convergence (MC), and net radiation. Here MC is estimated as precipitation minus ET, based on the assumption that the variation of atmospheric moisture storage from month to month is relatively small and can therefore be neglected [Trenberth and Guillemot, 1995] . Also the seasonal variations of correlations between net radiation and ET, soil moisture and ET, ET and precipitation as well as MC and precipitation are demonstrated in Figure 5 . For example, the correlation between soil moisture and ET for JJA season is calculated using two time series, that is, the normalized anomalies of soil moisture and ET time series for each month of the JJA season of all model years sorted sequentially, each of the length 3xN, where N is the number of years considered. In all six regions, ET dominates over MC as the main source of moisture supply for precipitation except in the JJA season of the Indian Peninsula. However, the precipitation seasonality follows that of MC except in the U.S. Great Plains (where precipitation and ET are in phase). This indicates that the U.S. Great Plains might be the only region (out of the six examined) where ET plays a dominant role in precipitation variability, making soil moisture potentially important in this region in this model. Figure 5 shows that the correlation between MC and precipitation is high and positive in all six regions, with the dotted lines representing the 5% significance levels. Correlation between precipitation and ET exceeds the correlation between precipitation and MC in only two regions: the U.S. Great Plains during JJA and MAM and the Amazon region during JJA and SON. Note that JJA in the Great Plains is the North American rainy season, and JJA and SON in Amazon are the dry and dry-to-wet transition seasons. In all other regions and seasons, the precipitation variability is so much dominated by MC that it leaves little room for ET conditions to play a role in precipitation variability despite its role as the main moisture supply for precipitation in this model.
[21] In these study regions, soil moisture increases are relatively small when changing from the 10th percentile to the 90th percentile, especially in the wet tropical areas. In most cases, the abundant soil water acts as a static moisture reservoir, which exceeds the potential evaporation. In Figure 5 , limited by the available net radiation in most cases, seasonal variations of ET are also small except in certain seasons in the moisture-limited, semi-arid region of the U.S. Great Plains. Here the ET behavior is consistent with the previous Figure 3 . Seasonal variations of feedback parameter (magenta hexagrams), its numerator (correlation between soil moisture and precipitation, blue squares), denominator (autocorrelation of soil moisture, red circles) and precipitation persistence (green triangles) for six regions (based on spatial averages of normalized anomaly precipitation and soil moisture data) using the last 108 years of the 308-year DGVM_SST_Varying experiment.
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studies using the same numerical models, which demonstrates that ET variations are not large enough to initiate significant precipitation changes in humid tropical areas as well as in semi-arid subtropical regions at multidecadal or even yearly time scales . Where and when ET has a strong impact on precipitation variability, soil moisture could potentially impact precipitation if it could influence ET more than net radiation does, as soil moisture and net radiation are the two main factors controlling ET variation [Koster et al., 2006b] . Different from other climate models [e.g., Wang, 2004; Notaro et al., 2011] , in CAM3-CLM3 vegetation cover changes have negligible impact on the ET and radiation based on numerical experiments (results not shown). In Figure 6 in the U.S. Great Plains, correlation between soil moisture and ET is higher than the correlation between net radiation and ET, which indicates that ET is mainly moisture-limited even though radiation also has a positive and significant impact on ET except in the dry-towet transition season MAM. In the Amazon region during the JJA and SON seasons, ET is mainly limited by soil moisture as radiation is always abundant. Other regions where ET is moisture-limited include the Congo basin in JJA season, the Indian Peninsula in DJF and MAM seasons and the New Guinea Island in JJA season, which are either dry season or the dry-to-wet transition season. In other cases ET is limited by the availability of net radiation. Note that soil moisture and ET correlation also demonstrates ET's influence on soil moisture. When ET is regulated by soil water supply, correlation between soil moisture and ET is positive. Negative correlation indicates ET is controlled by net radiation and depletes soil moisture [Dirmeyer et al., 2009] .
[22] As demonstrated in previous studies, strong soil moisture-ET interaction is one of the necessary conditions for strong soil moisture-precipitation coupling [e.g., Guo et al., 2006; Wang et al., 2007] . Another necessary condition is a strong ET-precipitation interaction. Based on the physical mechanism analysis using Figures 4 and 5, JJA and MAM in the U.S. Great Plains and JJA and SON in Amazon are the only cases among those analyzed here that match the necessary conditions of strong soil moisture-precipitation coupling. However, the relevant variables' seasonal cycles and correlations among them cannot provide definitive evidence to the cause-and-effect relationship between soil moisture and precipitation. Additional numerical experiments are required to further verify precipitation's response to soil moisture increases.
Verification Based on Numerical Experiments
[23] As shown in Figure 3 , variation and magnitude of feedback parameter are very similar to those of the precipitation persistence. Their strong resemblance suggests a possibility that high precipitation persistence may lead to high feedback parameter. Figures 4 and 5 also show that in more than half cases of high feedback parameter values, ET is radiation-controlled rather than water-controlled, which hinders soil moisture from influencing precipitation through the ET pathway. The lack of strong ET impacts on precipitation reduces the regions and seasons of strong soil moisture-precipitation coupling to only the MAM and JJA in the U.S. Great Plains and JJA and SON in the Amazon. The feedback parameter therefore may overestimate soil moisture's impacts on precipitation. Here, results from the Soilmr_10P, Soilmr_50P and Soilmr_90P experiments are used to examine how ET and precipitation respond to soil moisture changes in our focal regions, and in particular to assess soil moisture's impact on precipitation in regions where feedback parameters are positive. As indicated in section 2.2, soil water at all levels in the Soilmr_10P, Soilmr_50P and Soilmr_90P experiments is prescribed to be at the 10th, 50th and 90th percentiles of the model soil moisture respectively.
[24] When soil moisture was prescribed to change from the 10th percentile to the 90th percentile, its increase in the Amazon region, Congo basin, Indian Peninsula, Sumatra and Borneo islands and New Guinea Island is relatively small (less than 30%) (Figure 6 ). The corresponding ET increases are also smaller than 20% (Figure 7) . The small variation of soil moisture causes small ET variation, which cannot exert significant impacts on precipitation [Lawrence and Slingo, 2005; Guo et al., 2006] . The absolute changes of precipitation are higher than 20 mm/month (a magnitude considered as strong in previous studies [e.g., Notaro, 2008] ) only in JJA of the U.S. Great Plains. Only in the semi-arid U.S. Great Plains, both ET and precipitation demonstrate relatively high sensitivity to soil moisture increases in MAM and JJA seasons. In conclusion, except for the MAM and JJA seasons in the U.S. Great Plains, results from numerical experiments indicate that soil Figure 5 . Correlations between seasonal net radiation (Nrad) and evapotranspiration (ET) (circles), top 7-layer soil water (S) and evapotranspiration (ET) (hexagrams), ET and precipitation (P) (triangles) and moisture convergence (MC) and precipitation (P) (squares), which are based on the last 108 years of the 308-year DGVM_SST_Varying experiment. moisture in other focused regions has no significant impacts on local ET and precipitation variation, if any. This result further indicates that the feedback parameter overestimates soil moisture's impact on precipitation in humid regions.
[25] In the Soilmr_10P and Soilmr_90P experiments, prescribing soil moisture only in the six focal regions introduces spatial discontinuity of soil moisture. To examine the sensitivity of our results to this discontinuity, two additional experiments are carried out, in which soil moisture is prescribed to be at the 10th and 90th percentiles globally. It is found that regardless of whether soil moisture anomalies are prescribed locally or globally, the response of ET to soil moisture variation (which is a major pathway linking soil moisture and precipitation) is very similar.
[26] It is worth mentioning that during JJA of the Congo basin, precipitation decreases by about 25% when soil moisture increases by only about 10% compared with the Solimr_10P experiment. The decrease of precipitation is due to the fact that the much larger increase in moisture divergence more than offsets the relatively small increase in ET. The increase in moisture divergence is attributable to the strengthened southeast outflow, which facilitates low-level moisture transportation out of the Congo basin [Cook et al., 2006] .
Oceanic Impacts on Precipitation
[27] Previous studies have demonstrated that SSTs have significant impacts on precipitation interannual variations in these six regions [e.g., Goddard and Graham, 1999; Krishnamurthy and Goswami, 2000; Schubert et al., 2004; Juneng and Tangang, 2005] . Based on output from the DGVM_SST_Varying experiment, correlation between seasonal precipitation averaged in each region and SST in every grid cell is used to pinpoint the influential areas where SSTs could impact precipitation in the same season. It is found that precipitation in the U.S. Great Plains as well as the Amazon region is highly correlated with SST in the equatorial East Pacific, and precipitation in the Congo Basin, Indian Peninsula and SE-Asia regions is highly correlated with SSTs in the E-80 E) region is chosen to represent the equatorial Indian Ocean. Both the Niño 3.4 and CEI indices are estimated using the five-month running mean of the spatially averaged SSTs anomalies normalized by the standard deviation over years ranging from 1950 to 1979 (http://www.cgd.ucar.edu/cas/ catalog/climind/TNI_N34/index.html#Sec5). The monthly evolutions of Niño 3.4 and CEI indices are dominated by very strong low-frequency variations. Based on the study of Wei et al. [2006] , which quantified how SST variations as an external forcing would modulate land-atmosphere interactions, it is expected that the low-frequency SST forcing would also induce the corresponding low-frequency variations in the precipitation and soil moisture time series. In order to extract the precipitation components attributable to oceanic forcing, Lanczos filtering method [Duchon, 1979] is applied to separate the high-pass precipitation signal from the low-pass precipitation signal. Different cutoff frequencies are tested, which range from 0.1 year À1 to 1 year À1 . Frequency 1 3 year À1 is chosen because the correlation between SSTs indices and 3-year low-pass precipitation time series in all six regions is very close to the largest. In each region, three groups of precipitation signals are correlated with SST indices, including the original precipitation time series, its 3-year low-pass signal and 3-year high-pass signal.
[28] Figure 8 shows the correlation coefficients between precipitation and Niño 3.4 index (for the U.S. Great Plains and Amazon region) and CEI index (for Congo basin, Indian Peninsula, Sumatra and Borneo islands and New Guinea Island), which are calculated the same way as in Figure 5 . For each region and each season, the significance level of the correlation coefficient between SST indices and the filtered precipitation time series is determined based on the equivalent sample size [Dawdy and Matalas, 1964] . In Figure 8 , the dashed lines indicate the 5% significance levels for the correlation between SST indices and the 3-year low-pass precipitation time series, and the dot-dashed lines for the Figure 7 . Using ET and soil moisture from Soilmr_10p experiment as reference, ET relative changes and top 7-layer soil moisture relative changes in the Soilmr_50P (black markers) and Soilmr_90P (red markers) experiments for JJA (circles), SON (triangles), DJF (squares) and MAM (asterisks) seasons, which are based on the last 15 years' data of the 20-year Soilmr_10P, Soilmr_50P and Soilmr_90P experiments.
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correlation between SST indices and the 3-year high-pass precipitation time series. In all six regions, the correlations between 3-year low-pass precipitation time series and SST indices are strong and significant, and their magnitudes vary little from season to season. In contrast, the correlations between 3-year high-pass precipitation signals and SST indices are much weaker, and vary substantially from season to season and often change signs between different seasons. Clearly, SSTs' influence on precipitation is mainly manifested in the low-frequency domain other than the high-frequency domain. During periods of positive SST anomalies in the Niño 3.4 region, precipitation tends to be higher than normal in the U.S. Great Plains, which is consistent with findings from previous studies [e.g., Trenberth and Guillemot, 1996; Trenberth et al., 1998; Schubert et al., 2004; Yang and Delsole, 2012] . On the contrary, in the Amazon region, precipitation is likely to be reduced during the warm phase of SST variation of the Niño 3.4 region [e.g., Trenberth et al., 1998; Vera et al., 2006; Yang and Delsole, 2012] . CEI index quantifies SST variations in the western tropical Indian Ocean. Higher SSTs there favor precipitation generation in the Congo basin but suppress rainfall in the Indian Peninsula and Southeast Asia [e.g., Goddard and Graham, 1999; Krishnamurthy and Goswami, 2000; Juneng and Tangang, 2005] . The SSTinduced low-frequency variability of precipitation will propagate through the land-atmosphere system and cause low-frequency signals in soil moisture. This will lead to strong correlation between soil water and precipitation with relatively short time lag (e.g., 1-2 months) regardless of how weak/strong the feedback from soil moisture to precipitation might be. In that case, feedback parameter based on raw data takes into account both soil moisture and SST impacts on precipitation.
[29] Although much of the low-frequency signals are related to oceanic forcing and SST's impact on precipitation in high frequencies is much weaker based on the correlation analysis, estimating the feedback parameter based on filtered high-pass data is still questionable for three reasons. First, uniformly choosing 1 3 year À1 as the cutoff frequency in all six regions is highly arbitrary which does not take into account the regional difference of SST's impact. Second, some highfrequency soil moisture-precipitation coupling processes at short-time scales may contribute to low-frequency variability Figure 8 . Correlations between seasonal Niño 3.4 index /CEI index and precipitation based on original data (circles), 3-year high-pass data (triangles), and 3-year low-pass data (squares). These three time series are from the last 108 years of the 308-year DGVM_SST_Varying experiment. For each region and each season, the significance level of the correlation coefficient between SST indices and the filtered precipitation time series is determined based on the equivalent sample size [Dawdy and Matalas, 1964] . The dashed lines indicate the 5% significance levels for the correlation between SST indices and the 3-year low-pass precipitation time series, and the dot-dashed lines for the correlation between SST indices and the 3-year high-pass precipitation time series. through other mechanisms, e.g., the damping effects by vegetation . Therefore filtering out these low-frequency signals could eliminate soil moisture's impacts on precipitation at low frequencies. Third, the threeyear high-pass precipitation time series still include SST's influence [e.g., Los et al., 2001] . The best approach to examine the soil moisture-precipitation relations in absence of oceanic forcing in a model framework is to run the model driven with climatological SST without dynamic vegetation, e.g., the NDGVM_SST_Clim experiment.
[30] Figure 9 presents the feedback parameter of four seasons based on the NDGVM_SST_Clim experiment, original data as well as three-year high-pass data of DGVM_SST_Varying experiment, where the black and red dashed lines reflect the 5% significance level for the last two feedback parameters respectively. Figure 10 shows the spatial distribution of the feedback parameter based on the NDGVM_SST_Clim experiment, in which only grid cells passing the 10% significance test are shaded. The significance level in these two figures was derived based on the bootstrap method. Specifically, with the soil moisture time series unchanged, the corresponding precipitation time series are permuted 1000 times to calculate 1000 feedback parameters. The derived feedback parameters are ranked from low to high, and the 25th and the 975th values are taken as the 5% significance levels. In all six regions, the feedback parameter based on the original data share the same seasonality with that based on the three-year high-pass data, except in the Congo basin where the feedback parameter based on high-frequency data is close to zero while that based on the original data is mainly positive and significant. However, feedback parameter values are lower or even become negative when using high-pass filtered data compared with the positive and significant feedback parameters from the DGVM_SST_Varying experiment. The decrease in magnitude or the transition from positive to negative of feedback parameter is mainly caused by the reduced lagged correlation between soil water and precipitation in the high-pass filtered data. In most of the regions and seasons, feedback parameters based on the three-year high-pass data are not significant and their indication of soil moisture's impact on precipitation is not consistent with that based on the numerical experiments. As stated previously, the inconsistency between the feedback parameter estimations based on the three-year high-pass data and the numerical experiments' output are attributable to the partly eliminated soil moisture influence at low frequencies and the remaining SST influence at high frequencies.
[31] In the NDGVM_SST_Clim experiment, the potential impacts from low-frequency influences introduced by SSTs and dynamic vegetation are excluded. Feedback parameter is Figure 9 . Seasonal variations of feedback parameter for six regions based on 3-year high-pass data (red dots) and original data (solid line), which are based on the last 108 years of the 308-year DGVM_SST_Varying experiment. The red dotted lines reflect the 5% significance levels for 3-year high-pass data and the black dashed lines reflect the 5% significance levels for the original data. The black squares reflect the feedback parameter based on the 108-year NDGVM_SST_Clim experiment. reduced in the NDGVM_SST_Clim experiment in most cases (Figures 9 and 10) , indicating SST and/or dynamic vegetation variation does account for the high feedback parameter values identified in the DGVM_SST_Varying experiment. Among the regions and seasons of high feedback parameter identified based on the DGVM_SST_Varying experiment, the JJA season over the U.S. Great Plains is the only season/region where the feedback parameter remains high in the NDGVM_SST_Clim experiment (Figure 9 ). This is also supported by the results from the numerical experiments as well as physical process analysis in this study, and is also consistent with the GLACE coupling strength from previous studies. In all other focus regions and seasons of high feedback parameter values in the DGVM_SST_Varying experiment, feedback parameter does not pass the 5% significance test when the climatological SST forcing is used as in the NDGVM_SST_Clim experiment. Note that in absence of a significant feedback parameter in any region or season, the sign of the feedback parameter and the response in the numerical experiments are not always consistent, probably due to the lack of statistical significance.
[32] In the JJA season, in addition to the U.S. Great Plains, soil moisture is also found to have a positive and significant impact on precipitation in midlatitude Eurasia in the NDGVM_SST_Clim, which is also identified in Wang 
Conclusions and Discussion
[33] In this study, feedback parameter analysis is applied to identify hot spots of soil moisture-precipitation interaction globally based on output from NCAR CAM3-CLM3-DGVM models with prescribed yearly varying SSTs. Six feedback hot spots identified from this model are all located in areas where the SST impact on precipitation is significant. The follow-up physical mechanism analysis reveals that in more than half of the cases, ET variation is closely linked to net radiation variation instead of soil moisture variation, while ET is considered to be the critical process transferring soil moisture's impact to precipitation. Additional numerical modeling experiments demonstrate that the U.S. Great Plains is the only region of high feedback parameter in this model where both ET and precipitation are relatively sensitive to soil moisture variations and precipitation variability is not dominated by large-scale circulation. In all six focus regions the oceanic impact on low-frequency components of precipitation and soil moisture is more significant than on their high-frequency components. The feedback parameter approach overestimates soil moisture's impact on precipitation by attributing the synchronous oceanic influences on the low-frequency components of both soil moisture and precipitation to soil moisture. Estimation of feedback parameter based on filtered data, however, does not provide a robust indicator for soil moisture-precipitation coupling. The SST effect in the model can be eliminated by running the model driven with climatological SST, but this has no counterpart in reality. This issue further highlights the challenge of studying land-atmosphere interactions based on observational data.
[34] The applicability of feedback parameter to quantify vegetation's impacts on precipitation is verified in and and this statistical method works well in quantifying vegetation's influence on precipitation. However, two inherent differences between soil moisture and vegetation prohibit an easy transferring of the feedback parameter method to evaluating soil moisture's impact. First, as pointed out in the pioneering work of Liu et al. [2006] , for the feedback parameter to accurately reflect the strength of feedback, vegetation (or soil moisture) memory should be much longer than that of the atmospheric memory. However, in tropical regions, soil moisture memories are mostly shorter than 15 days in all seasons [Dirmeyer et al., 2009] , which is also the case in our currently used model CAM3-CLM3. The second difference is that compared with the much longer vegetation response time to precipitation forcing, soil moisture's response to precipitation is immediate. Precipitation's instantaneous wetting effects on soil moisture could compound feedback parameter acting as a meaningful indicator of soil moisture's influence on precipitation. Our results indicate that it is not feasible to accurately quantify the soil moisture-precipitation coupling within the Tropics using the feedback parameter method based on observational data. To remedy this problem, a two-stage approach, with one quantifying soil moisture-ET relation [e.g., Dirmeyer, 2011] and the other ET-precipitation relation [e.g., Santanello et al., 2011] , might be a good alternative to explore soil moisture-precipitation interaction. However, this two-stage approach's application is limited by the scarcity of available observational data. Another approach is a lagged correlation analysis that was applied to years of extreme precipitation and years when the SSTbased prediction skill is low Wang, 2011, 2012] , but its applicability beyond the U.S. region has not been tested yet. In further developing the feedback parameter method, recent effort of F. Y. Wang et al. (manuscript in preparation, 2012) has focused on separating the oceanic impact from the land impact using the Generalized Equilibrium Feedback Assessment (GEFA) method [e.g., Liu et al., 2008; Zhong et al., 2011] . Despite many recent efforts, it remains a challenge to quantify the strength of land-atmosphere interactions based on observational data.
